An attempt was carried out to simulate interactions between customers and providers, and understand the rationality of a social network using a cellular automata model. A longitudinal research study was conducted, based on a dyadic perspective in aesthetics clinics, approaching clients and service providers. The evolution of opinions regarding the associated service quality was then modeled with a cellular automaton. Based on an existing and valid scale of service quality, six semi-structured interviews with clients and service providers were carried out. The indicators were then refined and two quantitative surveys were performed, with a time interval of four months. A cellular automaton rule was then searched for that could simulate the network rationality between the two surveys. The proposed cellular automaton model achieved an accuracy of 73.80%, a higher value than the ones typically found in linear regression models of the service quality literature. The simulation allowed to understand which behaviours adopted by providers and customers generate an improved perception of service quality. The simulation also identified dissatisfied individuals in the social network and the way they influence the network. These findings may help managers to control employees' conducts and the service performance.
Introduction
Complexity in social sciences is an emerging field of research. In complex systems, processes that occur simultaneously at different levels are important and complex behaviour of the system depends on its sub-units in a non-trivial way. So, there may be a change of paradigms in an attempt to understand our world, because laws governing the whole cannot be reduced simply by the mere observation of the of an initial quantitative survey on service quality in aesthetics clinics provided the initial condition for the simulation. From this initial condition, we applied the cellular automaton simulation in order to get to the second quantitative survey data, case by case. Furthermore, the rationale for this social network was analised, thus leading to an understanding of the dynamics of information exchange in the network of clients and providers, which may allow managers to adjust the conduct of its employees and manage the expectations of their customers so that there is a positive perception of service quality.
Next, the paper introduces the theoretical background, with aspects of service quality, and present role theory concepts that guided the cellular automata based abstraction. Subsequently, the methodological procedures are presented, followed by the proposed model. Concluding the paper, the results of the model and its statistical analysis are discussed.
Background

Service quality
Quality is a construct that has a difficult operationalisation, because it contains intangible aspects. Customers try to make the service tangible in order to make it easier to evaluate. The facilities, equipment, employees, materials for communication, other customers, prices and available technology are tangible elements that provide clues to the customer on the intangible portion of the service, especially at the beginning of the relationship.
In the service encounter this means that service providers and customers judge service quality according to the provider's ability to respond to customer needs. Usually, one can identify two types of quality, technical and functional ( [19] , [5] , [14] ). Functional quality refers to how the service is delivered to the customer, including social and relationship aspects [13] . The technical quality is difficult to be assessed by customers, since customers rarely have the expertise to evaluate professional services. Functional quality is "how" the service is delivered, the nature of the interaction between the service provider and the client, the process by which the main service is delivered.
Communication and effective transmission of information play an important role in perceptions of technical and functional quality [30] . Therefore, the correct and effective transmission of information is important to establish the patterns that lead to a positive evaluation of service quality. Through the interactions, i.e., the exchange of information, customers can develop a positive or negative feeling, which can lead to success or failure in the sale [7] .
The service quality literature in Marketing is divided into two trends. One led by the studies of [29] , who propose the measurement of quality by the difference between expectations and perceptions of service quality by customers (SERVQUAL scale), and another proposed by [11] , which measure quality only by the performance, the outcome of the service (SERVPERF scale). Based on their research, [11] argue that the perceived quality of service at a time t depends on the perceived quality of service and level of the customer's (dis)satisfaction with the performance of the service at time t − 1.
[ 15] states that SERVPERF measures the performance, explaining better the variance of perceived service quality (i.e., their perception by the final consumer), without considering the expectations of consumers. Regarding the variance explained by the two scales, [11] obtained maximum R 2 (variance explanation) of 0.47 for SERVPERF and 0.46 for SERVQUAL, [15] obtained maximum R 2 of 0.65 for SERVPERF and 0.42 for SERVQUAL, and [23] obtained maximum R 2 of 0.53 for SERVPERF and 0.35 for SERVQUAL. [22] argue that the SERVQUAL scale appears to be better than SERVPERF, but presents problems of variability between different types of service and extensive collection of data, due to the existence of 44 indicators, which can prevent its operation, while it requires a larger size of the sample. Furthermore, literature findings show that there is not a universal scale for services.
The SERVPERF scale has one advantage. It can be used in different services and assesses the overall quality of service. On its part, SERVQUAL scale measures the differences between perceptions and expectations, where the assessment of quality is the sum of the differences between them. This scale received criticism because of its alleged potential to be used in any service, the length of the questionnaire it requires, the predictive power of the instrument and psychometric inconsistencies. Due to the reasons described above, the conceptual and paradigmatic base of SERVQUAL scale has been criticised, as it focuses on processes and not on quality results. That is, it has two opposing currents: one that focuses on processes and another that focuses on the results of quality of service.
Role theory
Organisations can be seen as theaters [8] and role theory is a theatrical metaphor, where the participants of the service encounter act as agents, i.e., a group of social insinuations that guide and direct the behaviour of the individual in a given situation [31] . A role can be defined as a set of social responsibilities that guide and direct the behaviour of an individual in a given environmental setting, usually associated with socially defined positions. A role can also be defined as an internally consistent series of conditioned responses by a member of a social situation which represents the pattern of stimulation to similar and internally consistent series of conditioned responses of others in that situation [36] .
An interesting feature of role theory is the proposal to manage interactions and collaboration between agents through the use of common behaviours that can be used as a paradigm for modeling the vision of a complex system, and deal with situations and interactions that evolve in time.
A role is a set of scripts. The script can be defined as a coherent sequence of events expected by the individual, involving him as an observer or participant, and for each event there is an expected role by both the provider and the client. According to time and the demands of the situation, these roles can become automatic, without much cognitive effort [6] .
Despite its great utility, role theory is subject to criticism. [26] criticise its usefulness, arguing that it does not provide sufficient understanding to evaluate the quality of communication, since this theory sees the communicative behaviour and the performance as standardised sets of behaviours. This critique of the simplicity of the approach contradicts complexity theory, because today it is clear that a complex phenomenon is not always related to the complexity of its components. Often the simplicity of the components of a system can generate complex phenomena through interactions and nonlinear effects.
According to [6] role theory has a weakness that can be attributed to the lack of consensus on the scope or attitude in the study of a particular role. It is unclear whether the theory of roles focuses on the person as a representative of a social position or as an individual separate from his position. The idea of being a representative of a social position sees the role as patterns of behaviour associated to a particular social position. From this perspective, roles are seen as fixed and static. Both the economic and the sociological perspective share the common premise that the actors play a unique role in their decisions, according to a fixed pattern [21] . However, in our view, the standardisation and consensus seem to be outcomes, and not assumptions of the systems, given that the result of interactions is the emergence of consensus.
Methodological procedures
We used a scale adapted from [11] to measure quality of aesthetic services. After analysing qualitative data collected through 6 semi-structured interviews with 3 clients and 3 providers, we created a list of possible indicators, building a scale with 74 items. A qualitative pre-test with 6 customers and 2 marketing specialists was then made, which led us to filter the scale items to 54. Then the quantitative pre-test was made, with 27 providers and 6 customers. After statistical analyses of variance, correlation, factor analysis and reliability, the final questionnaire was built with 45 indicators. After that, the first stage of quantitative research was carried out, with data collection from customers and service providers, resulting in 115 responses from clients and 96 responses from providers. A 5-point Likert scale (an ordinal scale that measures graduations of responses) was used, with the following meanings: 'totally disagree', 'disagree', 'neither agree nor disagree', 'agree' and 'totally agree'.
Regarding the internal consistency of the quantitative indicators of the initial search, the following results were obtained for customers: Cronbach's Alpha equals 0.937; two-dimensional factor, containing issues of tangible assets in one factor and intangible assets in another factor, with minimum load of 0.521; KMO measure of 0.913; and 66.44% of extracted variance. For providers, Cronbach's Alpha was 0.772; a multi-dimensional factor with minimum load of 0.512; KMO measure of 0.680; and 64.08% of extracted variance. Four months after this phase, the second phase of quantitative survey was conducted, obtaining 36 responses. Regarding the internal consistency of the final indicators of the quantitative research, Cronbach's Alpha was 0.892 for clients and 0.631 for providers.
For customers, linear regression relied on current perception of quality as the dependent variable, and quality indicators as independent variables, and resulted in: R 2 of 0.760; sum of the squares of the regression of 88.77; residuals of 27.99, significant to 0.000; high tolerance; variance inflation factor lower than 10; standard error of 0.907; and normality of the residuals. For providers, linear regression used current perception of quality as the dependent variable, and quality indicators as independent variables, and resulted in: R 2 of 0.873; sum of the squares of the regression of 50.05; residuals of 7.30, significant at 0.001; high tolerance; variance inflation factor lower than 10; standard error of 0.780; and normality of the residuals. Furthermore, we knew that the most important aspect in the quality perception for customers are the intangible aspects and the attention given by the provider, while tangible aspects such as comfort of the facilities seem to be more important for providers.
These findings are supported by the Resource Based View [4] , which states that the resources that generate sustainable competitive advantage are those that are rare, valuable and hard to copy, namely, the intangibles.
Proposed model
The proposed model had two goals. The first was to predict the final outcome (in the case, the second quantitative survey) from the initial conditions (the first quantitative survey). That is, the data from the first quantitative survey would provide the initial parameters for the cellular automaton model. Data from the second phase of the research would provide the final state for comparison with the model's results. Between the two collections of quantitative data customers and providers interacted in their social environment following specific rules of decision. The second goal was to understand the decision process, finding a rationale for its evolution, from the phase of the first survey to that of the second.
We tried to obtain a rule that would simulate the interaction process so that the final configuration of the model could be provided with maximum accuracy compared with the final configuration (the second quantitative data). This rule of behaviour would then simulate decisions regarding intangible aspects of service quality in the service encounter. The selected variables were composed of by the intangible dimension of service quality due to the smaller number of indicators and its high reliability and robustness in the statistical analysis. Another reason is its usefulness for management, because it is known that intangible aspects of quality are more relevant to customers in their evaluation of service quality.
The lattice was composed of by 36 subjects (columns) and 7 intangible indicators of service quality (rows), that is, 36 strings, each one containing 7 values of the indicators (attention, trust, willingness to help, honesty, concern, responsibility, and adaptation to client's needs). Hence, each row of the lattice contained the values of the same indicator and each column represented one individual. Due to the fact that interactions occurred between these indicators and there was no multicollinearity among the variables, it is sensible to rely on a one-dimensional CA rule to operate at each row, the same rule being used independently at each. Another reason for this is that this kind of CA facilitates to unveil the rationale embedded in the transition table. And, finally, the characteristics of the CA model is supported by role theory, which argues that all individuals in a social network adopt a pattern of behaviour, that is, all of them decide and act following the same behaviour rule, which means a uniform cellular automaton.
The same respondents were selected in the first and second phase of the quantitative research. The CA contained 5 possible states, as the Likert scale has 5 points, as made explicit earlier. A CA rule with radius one was used, thus yielding 125 possible rationales associated to each rule and a search space of 5 5 3 ∼ = 2.35 × 10 87 possible rules. Radius 1 entails that each individual interacts only with the nearestneighbours on the right-hand and left-hand sides. Due to computational and time constraints, a random search policy for the rules was adopted. For such, a majority rule of the space was taken as the starting point of the search; in this case the majority rule was the one whose next state of the centre cell is the prevailing state of the neighbourhood, or no change is made if no prevailing state exists. This seemed to be a reasonable choice because of the evidences that human beings tend to behave in 'herds', as seen in the stock market, crowds, and various other situations [33] .
Starting with the rule number of the majority rule, the search was carried out in blocks of 1500 rules, and picking the next rule with uniformly distributed random steps in the range from 1 10 and 10 84 . The closer the search would get to a prespecified minimum, target accuracy rate, the search intervals were reduced, in order to get a closer inspection of the rules. Two constraints guided the search: the rule should simulate the evolution of the initial condition with an accuracy rate greater than 70% (that is, the final outcome of the model should be identical to the data of quantitative research in 70% of the cells of the lattice), and the rule should not present a cyclic atractor.
The rate of success was calculated as the difference between the final state of the model and the data from the second quantitative survey, cell by cell, and then normalised by the number of indicators and by the number of respondents. The number of iterations required for the CA was established according to the elapsed time between the two phases of the quantitative research. Considering that the time between the two data collections was 4 months (or 16 weeks), and that the average frequency of interaction among the customers was once a week, 16 interactions would happen in the period. So, 20 iterations was chosen for the model as the iteration of reference for probing the predictive quality of a rule.
Customers and providers were classified according to their similarity of response to the seventh indicator, 'adaptation to customer's needs', since it turned out to display the highest variance. Customers and providers were then allocated to each CA lattice position according to their affinity in that indicator, thus creating an artificial situation where service providers and customers could interact. The allocation was based on the seventh indicator criterion because higher variance reflects less consensus and higher diversity of opinions, a situation that might trigger richer dynamics if customers and providers could be closer.
So, at the end of 20 iterations of every probed CA rule, the result of the model was compared with the data collected from the second quantitative research, cell by cell, and rules with accuracy rate lower than 70% were discarded. Another 'filter' was also used, discarding rules whose variance would be 0.5 point higher or lower the variance found in second quantitative research. At the end of the process, approximately 1.8 million rules had been searched for.
Starting from the values of the indicators, various statistical quantities were analised: mean, variance, standard deviation, median, increase in perception of the model and real increase in perception. We also analised the rate of settlement over the iterations, accuracy of the model, total sum and mean of the indicators, ending with the rationality analysis of the more appropriate rule. For instance, a rule could have the following logic: if a given customer evaluates the service quality offered by one provider as bad (Likert scale value equal to 1 and cell state equal to 1) and the service quality offered by another provider in the same way, this could generate a regular assessment of quality (cell state equal to 2), which could interfere with future intentions of the client to remain with the provider, given the inconsistency of the attitudes. Figure 1 illustrates the accuracy rate of the simulation model when compared with real data from the second quantitative research. After a decline in accuracy in the second cycle (which can be interpreted as post-consumption cognitive dissonance; [34] ), the success rate oscillates and reached the accuracy of 73.80% in the 16th iteration. Thus, the simulation generated an S-shaped curve, which is clear evidence for being considered solid, according to [9] . The selected rule number, in Wolfram's lexicographic ordering scheme [38] , was 215906251256498764481945521911689394589595852815202122870575256380795923 7655911950549124. Its transition table is shown in Fig. 2 . The rule can be seen as the role adopted by the social network, each state transition being the corresponding script for that role.
Results of the modeling
Compared to regression results obtained in the service quality literature, our model offers higher explanatory power than those found in [11] that had maximum R 2 (variance explained) of 47%, [15] with maximum R 2 of 65%, [23] with maximum R 2 of 53%, and [10] that yielded maximum R 2 of 71.6%. Besides, linear regression models account for variance explanation, which is based on mean values, while our model explains 73.80% of the results, case by case; if we consider explanatory power based on mean, our model offers even more accuracy (Table 1) . A key question that emerges from the explanatory power of the model is to know what part of reality is being explained. In Fig. 3A , both the linear regression model and the proposed cellular automaton model explain the same reality aspect, with different success rates. This means that the CA model offers an additional explanatory power of 8.80 percentage points (73.80%−65%). Thus, nonlinear effects appear to contribute with 8.80 percentage points in the model.
In the second case, Fig. 3B , the linear regression model and the CA model explain different reality aspects, sharing only 38.80% in common, i.e., the intersection between the two models. This last argument seem to be more valid, as long as we have linear relations, nonlinear relations, and the intersection between linear and nonlinear relations, that may represent the interaction among individuals. This finding offers a new perspective in the study of causal relations in management research. 
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(1) Initially the average Euclidean distance was 2.97. In the second survey it went down to 1.38, and in the result of the simulation, the value became 1.54. That is, there was an approximation of the subjects, showing greater similarity and consensus between them, due to successive interactions. Hence, the multiple interactions in the social network seem to approximate individuals who think similarly (at the perception level). This greater intimacy (as the indicators relate to the relationship) can support the congruence of perceptions about a given topic, and may facilitate mutual understanding between customers and providers. Table 2 shows the Euclidean distance for all indicators of intangible quality. The indicator with the largest discrepancy is the adaptation of the provider. This was exactly the indicator chosen for the classification, as it presented greater variance. Therefore, the variance of the data appears to affect the outcome of the simulation through the change of initial conditions. Figure 5 illustrates the colours for different states of the CA, each one corresponding to a possible answer in the Likert scale. So, if we consider the question "The provider is honest" we have different response graduations. Figure 6 illustrates the various CA lattice configurations, from time zero to 16, each row associated to a different indicator. The classification of individuals according to the seventh indicator (as discussed earlier) becomes evident in it, because it starts from a dark gray color and becomes lighter in the right-hand side of the figure. As a result of the classification of the individuals, each one is assigned a cell position as follows, with 'P' meaning a provider and 'C', a client: PPCPPPC-CCCCPPPPPPPPPPPPPPPPPCCCCCCCC. Time zero is identical to the initial research because it is the initial condition of the CA. At time step 5 there are darkgray and black areas, meaning poor quality perception in some individuals, except regarding responsibility. It is remarkable that the larger the dark-gray and black areas, the greater the likelihood of perceived poor quality of the relationship. In the right-hand of the lattice there are also individuals with poor quality perceptions.
At time step 10, dissatisfied individuals are scattered in isolated clusters, 'contaminating' just adjacent individuals. At time step 16, those with negative perceptions are isolated by the social network, a similar phenomenon to that observed in the research, where there is only one (individual 25) extremely dissatisfied person, who presents 'totally disagree' responses in three of the seven indicators in the second quantitative research. Figure 7 illustrates the evolution of the CA for each indicator, considering all individuals. In the first indicator, attention, there is an outbreak of negative perceptions (black areas) in various subjects, that remain in time (successive downward lines) and affects the right-most 'end' of the lattice at the 13th time step (in quotes, given the periodic condition, as the lattice is circular, with no beginning nor end). The dissatisfied ones lose their strength and follow the rest of the network, that presents a positive quality perception.
The outbreak was generated by customers (individuals 8, 10 and 30) at the 2nd time step, contaminating providers at the 3rd. From the 5th to the 16th time steps the dissatisfaction moves to providers, which in turn contaminate the individuals with whom they interact.
It is worth noticing that the dissatisfied individuals form a cross in the right-hand of the lattice but do not propagate their dissatisfaction because they are minority. This indicator reached stability at time step 17, converging to a fixed point attractor. The homogeneous colour areas mean fixed states achieved by individuals, i.e. the equilibrium. At time step 2, subjects 8 and 10 contaminated individual 9, located between them, worsening his evaluation of service quality at time step 3.
The simulation has identified exactly which clients need attention, which are the most sensitive and, as a result, identify which providers are failing in the relational aspect. In the second indicator, trust, there is an outbreak of dissatisfaction, smaller than the first indicator, also started from customers and spreading over 7 time steps, achieving stability at the 8th. In the third indicator, willingness to help, there is an outbreak of dissatisfaction, smaller than the first indicator, started by one client (9) and two providers (12 and 28), spreads over more than 20 time steps, and does not reach stability.
In the fourth indicator, honesty, there is an outbreak of dissatisfaction that spreads to a greater area of the network, at the left-hand side, starting with customers and suppliers, spreading over 20 time steps, and not reaching stability. The contaminated area is wider than those for the previous indicators, meaning a greater spread in space between individuals. This may be due to the fact that honesty is a critical factor in building confidence between client and provider. When the integrity of a client or provider is left in doubt, the effects spread to a larger area of the social network, when compared to something less critical, like the attention given by the provider.
It is worth noticing that the rule displays a cyclic behaviour of period 9 that starts at time step 3. At time step 5, the first completely dissatisfied individual appears, followed by two others at iteration 6. At time steps 7 and 8 there is only one completely dissatisfied individual. At the 10th there are two dissatisfied individuals, and at the 11th, three of them. It is worth noticing that there are never three dissatisfied individuals side by side. The maximum number of individuals dissatisfied with honesty that keep in touch with each other is two. This finding may mean that when there are two individuals that interact with each other, and honesty is put in doubt, they change their internal states, maybe from cooperation to defeat, depending on the situation, in order to maximise their utility, in tune with what is stated in game theory [28] .
In the fifth indicator, concern with the client, there is an outbreak of dissatisfaction that achieves a great area of the network, started by two customers and two providers, lasting 19 time steps, and achieving stability at the 20th time step. Perhaps some providers forget or do not have time to worry about customers, which is perceived by the latter. In the left-hand area the dissatisfaction is generated by two providers and one customer, and ends at the 9th time step. In the right-hand area of the figure, dissatisfaction is generated by a customer, reaches other customers and providers, and then finally ceases. One can assign the fast end of the dissatisfaction of providers because they cannot be dissatisfied to satisfy customers, otherwise they would lose them, while the client has the option to switch providers. It is important to know that, among all customers of the simulation, none changed provider, despite the existence of perceived poor quality in the relationship.
In the sixth indicator, responsibility, there is an outbreak of dissatisfaction that reaches a greater area of the network, started by two customers and one provider, spreading beyond the 20th time step, and contaminating many customers. In other words, it spreads more in time than in space.
Finally, the seventh indicator, adaptation to customer's needs, a large outbreak of dissatisfaction achieves a greater area of the network, started by four customers and three providers, and spreading beyond the 20th time step. This is an artifact (due to this indicator having defined the classification of the individuals in the lattice), evident in the first line of this indicator, where dissatisfied individuals are grouped, thus giving the appearance of a 'rebellion'.
From this fact one could conclude that extremely problematic customers should not be in contact with each other, otherwise they would spread the dissatisfaction to everyone they have contact with, customers or providers. The same goes for employees. Dissatisfied employees should be isolated in order to avoid an insurgency, such as a strike. Besides, problematic or dissatisfied customers should not be attended by dissatisfied providers, because this can potentialise the dissatisfaction of both, contaminating the network. Perhaps this lack of adaptation to customer needs is due to focus on the outcome and volume of work, which prevents a greater personalisation of it. The simulation model investigated not only the dynamics of opinions, but also and more importantly, which individuals create dissatisfaction in a social network. This can enable managers to identify problematic customers and employees who are not fulfilling their role properly or sowing dissatisfaction in the social network. With this result, the manager can adapt the service cycle, in order to isolate dissatisfied individuals, so that their opinion become minority, losing strength and eventually dissipating.
It is interesting to note that the beginning of the individuals' dissatisfaction happens always in the customer-provider interface, that is, in the left-hand in the right-hand of the lattice. Maybe this occurs due to different expectations and perception regarding the service, as seen in the linear regression results.
In Fig. 8 , each number and colour means the degree of discrepancy between the results of the model and the data of the second survey. Since the Likert scale has 5 points, the range of differences between the results of the simulation and the quantitative research lies between -4 and 4. Fig. 9 shows the success rate of the simulation time step 16, represented by the brighter gray colour. The darker the colour, the greater the degree of discrepancy between the results of the simulation and the second quantitative research. The indicator with the lowest degree of success was the last, probably also an artifact of the classification, due to a concentration of dissatisfied individuals, as mentioned above. When individuals are isolated, a decreased level of satisfaction (values 1, 2, 3 and 4) usually disappears in one time step, except for the individuals with value 2 (disagree). When individuals are grouped with the same perception of quality, the dissatisfaction remains in time, worsens and contaminates adjacent individuals. In order to mitigate this harmful effect of grouping, initially one could think about inserting a person with extremely positive quality perception (value equal to 5, light gray cell, at the arrows) in the dissatisfied group (Fig. 11B) . However, this conduct seems to potentialise the dissatisfaction in the group, maybe because the dissatisfied group may become conscious they could be much happier about the service outcome. So, counter-intuitively, the best way to mitigate the dissatisfaction would be to insert an even more dissatisfied individual (value equal to 1, black cell, arrow at Fig. 11A ) in the group of individuals, with value equal to 2. The outcome of this conduct is the decrease of dissatisfaction, as can be seen in Fig. 11A , when compared to Fig. 11B . Maybe this happens because individuals with perception equal to 2 try to be sympathetic with the dissatisfied individual, in order to make the inserted individual more satisfied about the service outcome. However, by placing an extremely satisfied individual one cell to the right in the group, with value 1 (arrow in Fig. 12 ), the dissatisfaction spreads and collide with the group with value 2, at the right, potentialising the effect in the network, that is greater than that in Fig. 11B .
Statistical analysis of the results
For the descriptive analysis, we picked up the state of the lattice at the 16th time step. Initially, the mean of the indicators in the lattice was 3.75 (Table 3 ). In the second phase of the research, the mean dropped to 3.65. This probably happened because of the discrepancies in perceptions between customers and service providers about service quality. Customers value the relational aspects of quality and providers value technical aspects of service quality. The mean of the simulation model also fell, down to 3.67, a difference of only 0.02 when compared with the second quantitative survey.
Regarding the variance, the initial research yielded 0.16 and the final, 0.25. Thus, the model appears to have potentialised this increase, because it presented variance of 0.97. This increase also occurred in the standard deviation. The increase of the variance shows a lack of consensus and a wide diversity of views on the indicators of relational quality. The median was the same for the three conditions, equal to 4. Data evolution also showed an increase in kurtosis, showing a more extreme behaviour, characteristic of environments with high service involvement [3] . The skewness also increased its negative value in the real data and in the simulation. Values regarding perception decreased to 0.10, when comparing the final data of the research with those from the initial research. The result of simulation showed a decrease of perception of 0.08. Table 3 shows the total sum per indicator at different stages of the research and the result of the simulation. Graphic 3 presents the 'indicators' mean per time step. At time step 2 there is a reduction of the mean from 4.7 to 4.2 and then an increase to 4.8 at the 3rd time step. This decrease appears to be related to the process of post-consumption cognitive dissonance. This dissonance may have happened because the sample is new, related to clients who have purchased business services for less than 2 years, and so they may not be completely sure about their choice. So, many individuals are not certain about their choice of provider. Over the time steps, or weeks, this cognitive dissonance seems to disappear, allowing a better perception of intangible aspects of service quality. The simulation did not achieve stability until time step 16. By analising the shape of the curve, we found that the system shows a nonlinear and oscillatory behaviour, confirming the findings of [12] in their study about the relationship between attitude and behaviour.
Although relations between variables are linear in a cross sectional study, the interactive effects do not seem to be linear. The oscillation creates an essential doubt in attitude research. As attitudes may present nonlinear and oscillatory behaviour, consider for instance the longitudinal research done between time steps 1 and 16 in Fig. 13 , which may suggest an involution and dissatisfaction with the relational service quality (since there would be a reduction of the indicators mean), when, in fact, it may not be occurring in the long term. This observation highlights the importance of understanding the process behind the two surveys in order to validate the results obtained by the research or even understand an unexpected result. Thus, an increase in service quality perception may be happening in the long term, but in the short term this increase may be hidden by the oscillatory behaviour. So, researchers should take care in analysing unexpected results, so as not to be misled in their interpretations. This oscillatory movement may be due to several aspects. First, inconsistencies in mood of customers and providers, who may perceive the quality of the relationship differently, according to their emotional state. Second, inconsistencies in the delivery of service by the provider, who may not always offer the same service quality. Third, there may be a process of mutual adaptation over the interactions, and the provider cannot always meet the expectations of customers and vice versa.
The oscillatory movement shows a nonlinear relationship in the intangible aspects of quality and this is probably due to an affective component, involvement. It is known that the involvement determines the rationality in the interaction, the relative importance of each one of the attributes of the service and the intention to repurchasing the service by the customer [39] . Although the variables have linear relationships and correlations in a cross-sectional study, we found no significant correlation between the first and the second quantitative surveys.
The simulation did not achieve stability until time step 16. As displayed in Fig. 14 , the system converged in 30 time steps, representing the consensus. Thus, we suggest to increase the interval between longitudinal researches to 30 time steps, that is, 30 weeks or 8 months, so as to verify the emergence of consensus and stability. One limitation of the model is that competition was not considered. If that had been done, maybe the model would not have achieved stability, as it did at time step 30, because customers would have the option to change their service providers. Figure 15 presents the variances found in the first quantitative research (gray) and in the second one (black). There was a decrease in variance in all indicators and the CA model simulated this decrease properly (Fig. 16) . Five of seven indicators presented variance equal to zero in the third cycle. The fifth indicator (concern) became zero at the 21st time step, and the seventh indicator (adaptation to customer's needs) became zero at the 30th. So, these two indicators took longer to converge, and this means that these are more critical aspects in service quality perception. Figure 17 depicts the transition table of the CA rule of the model so as to highlight the possibilities the rule supports in perception increase of the centre cell, that is, the rationales that lead to greater satisfaction of customers and suppliers; these cases are displayed in light gray. For example, if the centre cell state is 1, its left-hand neighbour's state is 3, and its right-hand neighbour's state is 2, the centre cell state does not change, remaining 1. In order to improve its perception of service quality without changes to its neighbour on the left, it is necessary that the neighbour on the right takes on one of the values 1, 3, 4 or 5, in which case the In this particular case the best rationale would be that the neighbour on the right assumes value 3. This can be interpreted as that, sometimes, the best performance cannot generate the best service quality perception, because, if that would happen (through the right-hand neighbour taking on value 5), the centre cell would rise its value only from 1 to 2. But if the right-hand neighbour on the right takes on value 3, the following state of the centre cell would be 4. In other words, if the individual at the centre cell is dissatisfied (value 1) with the attention given by a provider, this individual would be better off if the other provider would not become excessively attentive, but only moderately attentive. Acting this way, this individual would have the maximum increase in its quality perception. This finding is unusual in linear researches, but easily explained when adopting a nonlinear approach in the study of attitudes, as allowed by the present model.
The rule allows to understand that the only way to always satisfy customers is to adopt a conduct equal to 5, i.e., the provider must always offer his best effort, to make sure that there is an increase in quality perception by the customer.
Concluding remarks
The validation of an empirical agent-based model involves understanding the extent to which the model is a good representation of the processes that generated the observed data ( [27] , [37] ). The qualitative phase of the research allowed us to deeply understand the processes involved in aesthetic services delivery as well as the most relevant issues of service quality perception. The quality of quantitative phase data was confirmed by the results of statistical analysis performed.
Various types of validation of agent-based models can be identified [9] , and we believe the proposed model abides by all of them. First, it seems adequate as a fair characterisation of its related real world, in particular to aspects of role theory; second, the model implementation is very straightforward and has been thoroughly tested to prevent any errors; third, the analysis of the correspondence between the simulated data and real data, achieved through graphics and statistical analyses, was performed at length; and finally, truthful comparison was carried out between the model-generated data with those provided by reality, obtained through the detailed surveys with clients and providers.
The cellular automaton model allowed us to investigate the rationality of the network of clients and providers. This was interesting and useful because, usually, the traditional statistical methods and linear regression, determine which variables are relevant to a favourable perception and its magnitude. Instead, the cellular automaton models allows us to discover which combination of providers' behaviours are more beneficial to a positive perception of the client. It also allowed to identify which individuals are responsible for dissatisfaction in the social network and how to manage them. If we consider a linear regression equation applied to an ordinal scale, we know which variables are most important in the formation of the perception of the customer and their level of importance. The cellular automaton model overcame this conceptual limitation, because it allowed to discover which was the most appropriate provider's behaviour to generate a positive perception of quality in the mind of the customer. In this sense, the cellular automata model serves as a complement to linear regression.
The proposed model simulated the evolution of opinions with an accuracy of 73.80% and allowed a better understanding of the process involved between the first and the second quantitative research. Through the simulation we found what types of conduct provide an improvement in perception of quality and how the information spreads in a particular social network. The statistical analysis made in the simulation model showed that it is consistent with real data. The simulation identified dissatisfied individuals and their influence on the network. Once identified, these individuals can be managed so as not to be in contact with other members of the social network, so that the adverse impact does not contaminate the system and harm the business.
The present work brings significant enhancements over the study of [40] , where model data was not compared to real data of empirical research, which may have compromised that model's validity. Besides, their statistical analysis was not as deep as the one shown here. Also, a larger number of states in the cellular automata model was used herein, an alteration that increased the rule search space, but led to a much richer content. Furthermore, the rationale analysis of the transition table now derived turned out to be amenable for a translation into practical orientations for managers.
Nevertheless, the proposed model still offers possibilities for improvement. One of them might be the creation of an amorphous and non-uniform CA model, with an utility function for partner selection, in order to allow more freedom to the system and get closer to reality. Alterations in the ordering of the individuals in the lattice could also be explored, with corresponding analyses of their effects in individuals' perceptions and dynamics. Finally, the use of search methods, like evolutionary algorithms, is also a potential way to go, in order to replace the manual rule search performed herein.
